In HIV epidemics, the structure of the transmission network can be dictated by just a few individuals. Public health intervention, such as ensuring people living with HIV adhere to antiretroviral therapy (ART) and are continually virally-suppressed, can help control the spread of the virus. However, such intervention requires utilizing the limited public health resource allocations. As a result, the ability to determine which individuals are most at-risk of transmitting HIV could allow public health officials to focus their limited resources on these individuals. Molecular epidemiology suggests an approach: prioritizing people living with HIV based on patterns of transmission inferred from their sampled viral sequences. In this paper, we introduce ProACT (Prioritization using AnCesTral edge lengths), a phylogenetic approach for prioritizing individuals living with HIV. ProACT uses a simple idea: ordering individuals by their terminal branch length in the phylogeny of their virus. In simulations and also on a dataset of HIV-1 subtype B pol sequences obtained in San Diego, we show that this simple strategy improves the effectiveness of 13 prioritization compared to state-of-the-art methods that rely on monitoring the growth of 14 transmission clusters defined based on genetic distance.
, and C at times tA, tB, and tC . The viral phylogeny of samples is constrained by each transmission event's bottleneck, and the most likely phylogeny matches the transmission history (Left), but in the less likely deeper coalescence, it may not match (Right) . (c) Moving from the phylogeny observed at time tB to the phylogeny at time tC , the branch length incident to individual A shortens upon the addition of individual C in the likely event that the coalescence of the lineage from C with the lineage from A is more recent than its coalescence with the lineage from B (Left), or the branch length incident to individual A remains constant in the event of a less likely deeper coalescence (Right) . Regardless, the length of the branch incident to individual A never increases. In simulation, we can observe this trend: as time progresses, the incident branch length of each individual tends to decrease, both in true ( Fig. S1 ) and inferred (d) phylogenies, and as the number of transmissions from a given individual increases, the distribution of incident edge length tends to decrease, both in true and inferred phylogenies, labeled "True" and "Est.," respectively (e).
Moreover, they are also likely to transmit in the near future because they are likely not to 126 be suppressed. The higher probability of a lack of suppression makes them a good 127 candidate for intervention.
Parameter Values
ART Initiation Rate (λ + , year −1 ) 1, 2, 4 ART Termination Rate (λ − , year −1 ) 0.12 (0.25x), 0.24 (0.5x), 0.48 (1x), 0.96 (2x), 1.92 (4x) Expected Degree (E d ) 10, 20, 30 To measure the efficacy of a given prioritization, we compute the number of 156 infections caused by each individual during the 10th year of the simulation (our outcome the optimal ordering and the ordering obtained using each method. Kendall's Tau-b is a rank correlation coefficient adjusted for ties (Kendall, 1938) with values ranging between -1 172 and 1, with -1 signifying perfect inversion, 1 signifying perfect agreement, and 0 signifying 173 the absence of association.
174
Default condition-ProACT dramatically increased the performance compared to 175 random ordering according to all of our outcome measures (Fig. 2) . Focusing on the 176 transmissions per person measure, while the population mean was 0.05, the ProACT's 177 CMA was close to 0.15 for the top 1% of prioritized samples and gradually reduced to 0.1 178 for the top 10% ( Fig. 2a ). The top 1000 individuals in the ProACT ordering (3% of the 179 population) transmitted 0.12 times (median across our 20 replicates), which was 2.4x 180 higher than the median population average ( Fig. 2c ; see also Fig. S3 for numbers other 181 than 1000). As desired, selecting fewer people from the top of ProACT prioritization 182 resulted in more transmissions per person ( Fig. 2a ). Compared to optimal ordering, 183 however, the adjusted score both increased and decreased as more individuals were selected 184 ( Fig. 2b ). The adjusted metric shows that while ProACT substantially outperformed 185 random ordering, it did not come close to the effectiveness that could be achieved using 186 the (hypothetical) perfect ordering. The Kendall's Tau-b correlation also showed a positive 187 correlation between ProACT ordering and optimal ordering; although the correlation 188 coefficient is far from perfect ( Fig. 2d 
Cluster Growth Cluster Growth (75%) Cluster Growth (50%) Cluster Growth (25%) previous outcome measure, advantages of ProACT over random prioritization or cluster 251 growth were most pronounced for lower λ + and higher λ − (Fig. 3c ). The Kendall Tau-b 252 coefficients for the correlation between ProACT and the optimal ordering were high 253 ( Fig. S8 ); in fact, they were higher for the transmissions from contacts compared to 254 transmissions from the prioritized person (e.g. median coefficient was 0.084 for contacts 255 and 0.033 for the individuals in the default condition). These coefficients were highly Step Function Around 1.5% GD + Cluster Growth ProACT (FastTree) Null Distribution Fig. 4 . Kendall's tau-b test results for ProACT ordering on real data using two score functions: an empirical smooth step function and a strict step function around 1.5%. The full San Diego dataset was split into two sets (pre and post) at each decile (shown on the horizontal axis). The individuals in pre were ordered using ProACT and by cluster growth, and they were given a "score" computed using a score function (see Materials and Methods). Kendall's tau-b correlation coefficient was computed for each ordering with respect to the optimal possible ordering (i.e., sorting in descending order of the score). The null distribution was visualized by randomly shuffling the individuals in pre, and test p-values are shown in Table 2 .
similarly use the TN93 sequence similarity as an outcome measure, but in addition to 284 using a fixed threshold, we also use smoother functions (Fig. S11) . We measure the number 285 of linked individuals using a step function (1 if TN93 distance is below 1.5% and 0 286 otherwise) and an empirical smooth step function determined by fitting a mixture of three 287
Gaussians to the distribution of pairwise TN93 distances (Material and Methods). We also 288 explore an analytical smooth step function (parameterized sigmoid). Note that, when the 289 step function is used, our outcome measure (computed for future transmissions) is exactly 290 the same as what the cluster growth method uses for prioritizing (albeit, using past data).
291
Thus, it is reasonable to expect the step function will favor cluster growth. As we move to 292 smoother functions of distance to count genetic links, our measure is expected to become 293 less biased in favor of HIV-TRACE.
294
Using both ProACT and cluster growth to prioritize individuals results in orderings (Fig. 4) . These correlations are statistically significant in almost all cases (Table 2 and 298 Fig. 4 ). The correlation coefficient ranges ranges between 0.4 (ProACT; 10% time) and 0.1 299 (cluster growth; 20% time) for empirical function, and between 0.6 (cluster growth; 10% Table 2 . Kendall's tau-b test for a null hypothesis that a given prioritization yields a total outcome measure no better than random. We show p-values for the real San Diego dataset for the first through ninth deciles using two outcome measure functions. Tests that failed to reject the null hypothesis with (uncorrected) p-value < 0.00138 (corresponding to α = 0.05 with a Bonferroni multiple hypothesis testing correct with n = 36) are marked with †.
Empirical Smooth
Step Function (FastTree) 10% 20% 30% 40% 50% 60% 70% 80% 90%
GD+CG † 2 × 10 −3 † 2 × 10 −2 5 × 10 −6 2 × 10 −4 5 × 10 −5 6 × 10 −7 2 × 10 −9 2 × 10 −8 2 × 10 −11 ProACT 5 × 10 −8 1 × 10 −4 6 × 10 −6 2 × 10 −7 2 × 10 −8 2 × 10 −11 1 × 10 −11 1 × 10 −11 1 × 10 −17
Step Function Around 1.5% 10% 20% 30% 40% 50% 60% 70% 80% 90%
GD+CG 4 × 10 −12 1 × 10 −19 3 × 10 −28 7 × 10 −25 2 × 10 −19 8 × 10 −12 1 × 10 −17 5 × 10 −14 2 × 10 −25 ProACT 1 × 10 −5 5 × 10 −8 3 × 10 −7 2 × 10 −10 1 × 10 −6 1 × 10 −6 1 × 10 −4 † 7 × 10 −3 4 × 10 −7 time) and 0.1 (ProACT; 80% time) for the step function. 
308
To further test whether the smoothness of the link-counting function applied to 309 TN93 distances is a factor in deciding the relative accuracy of methods, we used a sigmoid 310 function to replace the step function while keeping the inflection point at 1.5% (Fig. S11) . 311 We observed that as the outcome measure function becomes more smooth, ProACT's 312 performance improves with respect to prioritization by cluster growth (Fig. 5 , Table S1 ).
313
Based on the more smooth sigmoid function (λ = 5), ProACT outperforms cluster growth 314 in all but one case where they are tied. Thus, simply counting distances close to 1.5% as 315 partial links leads to evaluations that favor ProACT.
316
As time increases, both methods experience seemingly downward trends in their tau 317 coefficients, but the null distribution of tau coefficients also tightens (Fig. 4) Fig. 5 . Kendall's tau-b test results for ProACT ordering on real data using the sigmoid score functions with λ = 100 and λ = 5. The full San Diego dataset was split into two sets (pre and post) at each decile (shown on the horizontal axis). The individuals in pre were ordered using ProACT and by cluster growth, and they were given a "score" computed using a score function (see Materials and Methods). Kendall's tau-b correlation coefficient was computed for each ordering with respect to the optimal possible ordering (i.e., sorting in descending order of the score). The null distribution was visualized by randomly shuffling the individuals in pre, and test p-values are shown in Table S1 .
no clear relationship between p-values of individual tool and time (Table 2 ). However, both 320 for the step function and the sigmoid functions, ProACT's relative performance with 321 respect to cluster growth tends to improved over time.
322

Discussion
323
We start by discussing observed results and then comment on practical implications 324 of this paper both for public health and for future research in molecular epidemics.
325
Discussion of Results
326
In our simulations, ProACT was least effective in conditions with very low rate of 327 ART termination, which correspond to very high adherence, or high rates of ART 328 initiation. As expected, the total number of new infections originated from samples is low 329 when adherence is high (Fig. S4) lack of sequencing or data sharing.
342
ProACT far outperformed random ordering. However, we note that, despite the 343 strong performance, there is much room left for future improvement: ProACT consistently 344 ranges in its outcome measure between 2% to 8% of the theoretical optimal value when 345 selecting up to 10% of top-priority samples. Thus, there is great room for improvement in 346 identifying high-value individuals. It will be unrealistic to expect that any statistical 347 method based solely on sequence data (and perhaps also commonly available metadata, 348 e.g. sampling times) will be able to come close to the optimal ordering. Nevertheless, it 349 remains likely that methods better than ProACT could in fact be developed. Moreover, 350 here, we used ML methods to infer trees and used mutation rate branch lengths. We made 351 these choices mostly for computational expediency. However, ProACT algorithm can be 352 applied on the potentially more accurate Bayesian estimates of the phylogeny. Also, one 353 can attempt to use ProACT after dating the tree. Whether either adjustment results in 354 substantial improvements should be studied in the future.
355
Implications of Results
356
We formalized a useful approach for thinking about the effectiveness of public prognosis can subsequently be used as a prioritization rank. However, we hope that our 368 formal definition of the problem as a computational question (i.e., prioritization), in 369 addition to our extensive simulations and developed metrics of evaluation, will stir further 370 work in this area. As stated before, it seems likely that more advanced methods than our 371 simple prioritization approach can improve performance beyond ProACT in the future. from each ordering of all individuals. We explore i for 1 to 10% of the total number of 514 samples (i.e., |A| 10 ).
Real data-The sequences were sorted in ascending order of sample time and, for each decile, they were split at the decile to form two sets: pre and post. A phylogenetic tree 517 was inferred from the sequences in pre under the GTR+Γ model using FastTree 2 (Price is simply a step function with value 1 for all distances less than or equal to 1.5% and 0 for 526 all other distances. However, the selection of 1.5% as the distance threshold, despite being 527 common practice in many HIV transmission clustering analyses, is somewhat arbitrary, 528 and a step function exactly at this threshold may be overly strict (e.g. should a pairwise 529 distance of 1.51% be ignored?).
530
To generalize this notion of scoring links, we utilized three analytical score (Fig. S11) . Specifically, the three Gaussian fits were parameterized by 538 (µ 1 =0.0191, σ 1 =0.0103), (µ 2 =0.0609, σ 2 =0.0118), and (µ 3 =0.118, σ 3 =0.0468), respectively.
539
For each of these function, for each decile to define pre and post, we performed a 540
Kendall's tau-b test to compare the prioritization approaches (Kendall, 1938) . To generate 541 a null distribution in Figure 4 , we randomly shuffled the individuals in pre repeatedly; note
